Abstract Near-infrared reflectance spectroscopy (NIRS) with partial least squares regression (PLSR) was used to determine levels of fat, protein and moisture in ricotta cheese without complex sample preparation. Spectra of 19 conventional and low-fat ricotta samples from different manufacturers were collected in duplicate, with 33 of the 38 spectra used as a calibration set and the remaining 5 spectra used as an external validation set. The best results were obtained by processing the spectral region between 1,100 and 2,500 nm. Multivariate models with six latent variables (LVs) showed good prediction capability for fat and protein determinations, with average relative errors (Er) of 6.37 % and 5.95 %, respectively. For moisture, a more robust model was obtained with 4 LVs, showing better prevision capacity and Er of 1.91 %.
Introduction
Ricotta is a fresh cheese originating in Italy that is obtained by precipitating the proteins out of whey. Its production has increased, which is mainly because of consumers' search for healthy and low-calorie foods. The need to establish a standard of identity for ricotta cheese is essential for a better control of product quality and consumer safety because there is not yet any Brazilian legislation specific to this cheese (Pintado et al. 2001; Esper et al. 2007 ).
According to current Brazilian legislation for cheeses, ricotta is classified using the identity and quality standards of low fat cheeses (Ministério de Agricultura e Reforma Agrária do Brasil 1996). However, Souza et al. (2000) evaluated 30 samples of ricotta, and found that 16.67 % of the samples could be classified as low-fat cheese, 23.33 % as semi-fat cheese and 60 % as full-fat cheese. This large variability justifies the need to establish identity and quality standards specific to ricotta, as well as to develop methodologies for rapid yet low-cost quality control (Esper et al. 2007; Cen and He 2007; Sultaneh and Rohm 2007) .
Spectroscopy absorption in the infrared region has been valued for its high sensitivity, low cost, versatility and operational simplicity. Infrared spectroscopy provides a complete profile of the sample's composition, but it produces highly complex spectral signs and frequently has problems of nonlinearity between concentration and absorption intensity; therefore, it does not easily allow quantitative applications (Reeves et al. 2001) .
In the particular case of near-infrared spectroscopy (NIS), the majority of absorption bands are due to superpositions of different overtones and/or combinations of bands related to vibrational and rotational transitions. Large molecules and complex mixtures can therefore produce multiple bands and overlapping effects in the NIS spectrum, generating broad bands with few peaks (Karoui et al. 2003; Nicolaï et al. 2007) .
The main disadvantages of the near-infrared spectroscopy have been circumvented by using multivariate calibration methods. Usually, this association dispenses sample pretreatments, which favors the development of easily-executed routines and the analysis of a large number of samples in few minutes (Hermida et al. 2001; Silva et al. 2009 ).
Partial least squares regression (PLSR) is a multivariate calibration method based on principal component analysis (PCA). This method does not restrict the wavelength number for calibration, making it possible to extract more information from the spectrum. After reduction of the dimensional space, the spectrum data (matrix X) are related to the concentration data (matrix Y), generating a regression coefficient vector (β) that best represents the matrix Y from the matrix X (Ferreira et al. 1999; Nagata et al. 2006 ). This methodology is especially indicated when matrix X contains highly correlated variables (as is the case with spectroscopy data), and it can be used even when the samples contain interfering signals (Caneca et al. 2006) .
The use of near-infrared reflectance spectroscopy (NIRS) is recognized since the early sixties, when Hart et al. (1962) presented a method to determine moisture. Since then, many papers have described the use of NIRS in food analysis, including the quality control of wheat flour of milling industry (Miralbés 2004) , the chemical composition of butter (Hermida et al. 2001) , cocoa powder (Veselá et al. 2007) , and grass silage (Villamarín et al. 2002) , and the nutritional evaluation of cereals (Soares et al. 1998 ) and feed for rabbits (Xiccato et al. 1999 (Xiccato et al. , 2003 . Work related to quality control of cheeses include the determination of whey fat (Castillo et al. 2005) , the determination of total solids and protein content in cheese curd (Sultaneh and Rohm 2007) , the prediction of major components in commercial cheese (González-Martín et al. 2008) , and the prediction of fatty acid composition of fresh and freeze-dried cheeses (Lucas et al. 2008) .
This work emphasizes the need for specific regulatory identity standards for ricotta cheese in the Brazilian legislation to avoid the large observed discrepancy in fat and protein contents. To contribute to this issue, this paper proposes the use of diffuse reflectance spectroscopy associated with PLSR as a novel possibility for the quality control of ricotta cheese, particularly targeting the fast and inexpensive determination of fat, protein and moisture. (Kasimoglu et al. 2004; Pillonel et al. 2002) . , summing the deviation in relation to the sample average, raised to the second power, divided by the number of samples minus one b Sample of coefficient of variation: (sample standard deviation/sample average) × 100 
Materials and methods

Samples
Nineteen ricotta samples (including fresh, pressed, conventional, and low-fat varieties) manufactured in the southern and southeastern regions of Brazil were used to obtain the multivariate regression model. All samples were bought at local retail markets and refrigerated at 4°C until analysis.
Reference methods
Ricotta samples were homogenized in a home pulverizing machine. The determination of fat (% w/w) was carried out using the Gerber van Gulik method (ISO 1975) . The total nitrogen was determined using the Kjeldahl method and converted into protein percentage using the conversion factor 6.38 (the nitrogen-to-protein conversion factor for milk and dairy products) (IDF 1962) . The moisture content and total dry matter of ricotta were determined by drying samples on a BRASIMET, Model ESE 35 stove at 105°C for 12 h to achieve a constant weight (AOAC 1995). All analytical determinations were made in triplicate.
Near-infrared spectroscopy Ricotta samples were cut to provide a flat surface that represented its interior. The flat surface of each sample was analyzed in a Near-Infrared Spectrophotometer (FEMTO, Model NIR 900 PLS) in duplicate. Each one of the duplicate spectra was obtained in a different zone of the flat surface. The spectra were obtained with 1 nm resolution in the spectral region from 1,100 to 2,500 nm. The instrument operated in a diffuse reflectance mode, with its signs expressed as log (1/R).
Data analysis
The spectral and concentration data were organized in matrices with Origin Software Pro 8.0, and the multivariate calibration model was developed with PLS-Toolbox 3.0 in Matlab 7.0.1.
The spectra were separated into two subsets: a calibration set (containing 33 spectra) and an external validation set (containing 5 spectra). This selection was made according to the PCA to obtain homogeneous and representative sets for calibration and validation.
The PLSR multivariate model was optimized using crossvalidation (the leave-one-out approach). The performance of the resulting models was evaluated with respect to latent variables (LVs), cumulative variance, standard error or root mean square error of cross-validation (RMSECV), and cross validation correlation coefficient (Rval) for the calibration models. The ability of PLSR calibration models to estimate or predict the protein, fat and moisture levels from NIR spectra was confirmed by external validation. Table 1 contains the average results for the dry weight of the fat (% w/w), protein (% w/w), moisture (% w/w) and total dry matter (% w/w) in the 19 ricotta samples analyzed. There was large variability between samples: fat levels ranged from 1.84 % to 19.92 %, protein levels from 8.69 % to 17.97 %, moisture levels from 60.09 % to 81.35 % and total dry matter levels from 18.65 % to 39.91 %.
Results and discussion
This large variability is in close agreement with the results found by Esper et al. (2007) in their study of the quality of ricotta samples commercialized in the city of Campinas, Brazil. The variations in the contents were as follows: 5.50 to 26.67 % The fat and protein levels had the largest coefficients of variation, which can be attributed to the lack of standardization of milk fat levels both in the milk used for ricotta production and the milk added to the whey to improve the yield, taste and texture of the ricotta.
When evaluating the fat in dry matter (FDM = % fat × 100/% total dry matter (AOAC 1995)) according to the cheese classification system established by Regulation No. 146 (Ministério de Agricultura e Reforma Agrária do Brasil 1996), 5.26 % of the analyzed samples can be classified as skim cheese, 10.53 % as non-fat cheese, 57.89 % as semi-fat cheese and 26.32 % as fullfat cheese. All samples can be classified as very high moisture cheese according to Regulation No. 146, because they each have a moisture content over 55.0 %. Similar results were obtained by Souza et al. (2000) in their analysis of ricotta samples commercialized in the city of Belo Horizonte, Brazil. They showed that 16.67 % of the samples could be classified as non-fat cheese, 23.33 % as semi-fat cheese and 60 % as full-fat cheese. In addition, 3.33 % of the samples could be classified as medium moisture cheese, 3.33 % as high moisture cheese and 93.34 % as very high moisture cheese.
This wide variation in the composition of the commercialized ricotta samples is worrying because this product is frequently used by people with dietary restrictions, such as hypocaloric diets and diets for heart disease, high cholesterol and high triglycerides (Esper et al. 2007) .
To obtain representative calibration and external validation sets despite this compositional variation, a PCA (Carvalho et al. 2000) was performed on the near-infrared spectral data of the ricotta samples. Multiplicative scatter correction (MSC) and data mean centering (MC) were used to obtain the score data of the first principal component (PC1) versus the second component (PC1 and PC2 represent 95.1 % of data variance- Fig. 1 ).
The highlighted samples in Fig. 1 were selected to compose the external validation set. The number of representative samples chosen from each quadrant was meant to be proportional to the total number of samples in each quadrant. The inclusion of isolated samples (high positive or negative scores), which could skew the data set, was avoided.
In this case, 33 spectra of ricotta samples were used for the calibration step, whereas five spectra were used for external validation. Figure 2 shows the spectra of ricotta samples.
For the construction of fat, protein and moisture models, the complete spectral range was used (from 1,100 to 2,500 nm). Different transformations and/or data preprocessing procedures were used to improve the efficiency of the regression models.
Fat and protein models used MSC for data transformation because this kind of treatment corrects the light spreading effects produced by the different reflections of analyzed surfaces. When constructing the models, it was observed the evolution of RMESCV values as a function of the number of LVs (Fig. 3) . The RMSECV value increased beyond six LVs for the determination of protein or fat levels and beyond four LVs for moisture levels. Therefore, to avoid the aggregation of noise on the model, larger LV numbers were not used in the calibration set.
There is no evidence of anomalous samples in the fat and protein models. In the moisture model, spectrum 30 (Fig. 4 highlighted) has a high leverage value. The duplicate of this sample (spectrum 31), on the other hand, presents with a low leverage value. This discrepancy may indicate that spectrum 30 was obtained from a less flat surface compared with the duplicate spectrum, and that, for this reason, withdrawing spectrum 30 from the calibration set did not significantly change the model characteristics represented by LVs, RMSEC, RMSECV and correlation coefficients.
The models constructed showed strong correlations (Fig. 5 ) between values obtained by reference method and those obtained by multivariate model.
The characteristics of the more successful models are summarized in Table 2 . The higher regression coefficients (Fig. 6) indicate the spectral regions of highest importance for the established correlation. The fat model was influenced mainly by the second overtone of C-H stretch at 1,190 nm (position 1), the combination vibration of C-H at 1,400 nm (position 2) and the first overtone of the C-H stretch at 1,710 nm (position 3) (Burns and Ciurczak 2008) . In the protein model, position 4 indicates the first overtone C-N-C symmetric stretch (2,465 nm), while 5 and 6 are related to the absorbance of the N-H peptide (2,160 nm) and of amino acids (2,264 nm), respectively (Purnomoadi et al. 1999 ). In the case of moisture, the higher negative values for regression coefficients (*) are not directly related to the O-H bond. However, important spectral regions are indicated by positions 7 and 8, which are combination bands involving O-H stretch and O-H bend, respectively. (Baddini et al. 2010) The predicted values of fat, protein and moisture content in the external validation set samples are shown in Table 3 . Samples one and two are actually the same ricotta sample with spectra obtained from two different parts of the analyzed surface. In other words, they obtained results provide evidence of the accuracy of multivariate spectrophotometric methodologies. It is worth mentioning that the greater similarity of the moisture level results might be due to a greater homogeneity of the moisture levels, which is evidenced by the lower VC value found during the characterization of ricotta samples (Table 1) .
The fat, protein and moisture levels determined by multivariate methodology can be statistically compared using a paired t-test. No significant difference was found between the reference and multivariate methodologies using a significance level of 5 % (t (ν = 4) = 2.776).
The multivariate models developed show similar prediction capacities to similar methods, using a lower number of LVs. For instance, Karoui et al. (2006) reported determination coefficients (R 2 ) of 0.92 for fat and 0.82 for total nitrogen quantification in samples of European Emmental cheese with NIRS. Its PLSR models were obtained with 10 and 7 LVs, respectively. Blazquez et al. (2004) reported even higher R 2 (0.99 for moisture using 4 LVs and 0.98 for fat using 5 LVs) in their analysis of processed cheese by NIRS.
Conclusions
The determination of fat, protein and moisture content in ricotta samples showed the lack of uniformity of the different ricotta brands, with greater coefficients of variation found for fat (48.35 %) and protein (23.61 %). As per Brazilian cheese classification system, 5.26 % of the analyzed cheese samples are considered skim, 10.53 % are non-fat, 57.98 % are semi-fat and 26.32 % are full-fat cheese. Regarding the moisture levels, all samples can be classified as high moisture cheese because they surpass the 55.0 % moisture limit proclaimed by the Brazilian law. This great variability of data can be attributed to a lack of specific identity standards for ricotta cheese in the Brazilian legislation. The multivariate models produced mean errors of prediction less than 6.4 %, with lower LV numbers than were found in the literature, showing that these are robust models with good predictive capacities. These results are evidence of the benefits of NIRS-PLSR, which allows rapid quality control with minimum manipulation of the sample.
